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ABSTRACT 
The transtheoretical model of behavior change proposes that in an effort to change 
behavior people progress through a number of stages, beginning with 
precontemplation, through contemplation, action and maintenance. This study is an 
application of latent transition analysis (LTA) to movement through the stages of 
change for smoking cessation. LTA is an extension of latent class theory and Markov 
modeling that examines change over time. The sample consisted of 545 reactively 
recruited smokers and former smokers with a mean (±SD) age of 39.7 (12.0) years. 
Of the sample, 68 % were female and 94. 7 % were white. Stage membership was 
assessed five times over a two year period using a stage classification algorithm. 
LTA was used to compare three specified models of movement among the fpur 
stages of change over the five time periods. Model I proposes only one stage forward 
movement. Model II proposes both forward and backward movement of one stage 
only. Model ill proposes both one stage forward and backward movement and allows 
two stage forward movement. Goodness-of-fit chi-square tests revealed that Model ill 
represented the data best. This result indicates that both progression and regression 
among the stages takes place as well as two stage progression. 
Examination of the probability of movement among the stages revealed three 
findings consistent with the transtheoretical model. First, movement through the 
stages is not always linear. Second, the probability of forward movement was greater 
than backward movement. Third, the probability of moving to adjacent stages was· 
greater than the probability of two stage progression. 
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LATENT TRANSITION ANALYSIS FOR THE STAGES OF CHANGE 
The Transtheoretical Model of Behavior Change is a general model which has 
been applied extensively in the area of health related behaviors. Changing problem 
behaviors does not occur rapidly or automatically. The model maintains that behavior 
change is not a dichotomous event in which people shift from unhealthy behavior to 
healthy behavior, but rather a sequence of small changes, both cognitive and 
behavioral, which people move through in their efforts to change a behavior. The 
Transtheoretical Model is a three dimensional model for looking at change that 
combines stages of change, a temporal ordering, independent variables, including the 
processes of change (Prochaska, Velicer, DiClemente & Fava, 1988) and dependent 
variables like the pros and cons (Velicer, DiClemente, Prochaska & Brandenburg, 
1985) from decisional balance, self-efficacy and temptation (Velicer, DiClemente, 
Rossi & Prochaska, 1990), and outcome behaviors specific to the problem (Prochaska 
& DiClemente, 1983; DiClemente, Prochaska, Fairhurst, Velicer, Velasquez & Rossi, 
1991; Velicer, Prochaska, Rossi & Snow, 1992). The focus of this paper, however, 
will be strictly on the stages of change. 
The framework of the Transtheoretical Model was developed from an 
investigation of how change process activities could be measured in psychotherapy. 
The goal was to identify common elements across different approaches to 
psychotherapy. Prochaska and DiClemente (1983) combined the processes of change 
with stages of change. They found that process use varied by stage. It is the stage 
by process relation, the stage by dependent measures relation and the process by 
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dependent measure relation that remains the focus of the transtheoretical model 
research. 
Smoking cessation has been the most widely investigated problem area 
(Prochaska & DiClemente, 1983, 1984, 1986). The literature on smoking cessation 
and the stages of change is extensive and has been replicated repeatedly. The model 
has been applied to other cessation areas such as alcohol and drugs. More recently, 
the model has been applied to the acquisition of health promoting behaviors such as 
nutrition, exercise, safe sex, and medical compliance. 
Change involves progression through a series of stages. The stages of change 
are redefined within the context of each problem area. DiClemente & Prochaska 
(1982) first developed the theoretical framework for the stages of change by 
examining smoking cessation. By comparing self-changers versus smokers engaged in 
commercial treatment programs, five common stages of change were identified for 
both self-chargers and therapy changers (DiClemente & Prochaska, 1982). These 
stages were identified as precontemplation, contemplation, determination, action, and 
maintenance. Mcconnaughy, Prochaska, and Velicer (1983) developed a method for 
measuring the stages discretely using a 5-item algorithm or continuously using a 32-
item questionnaire. They found four reliable components. The results for the middle 
stage, determination, were not consistent and therefore only four stages were worked 
with for seven years. A fifth stage, reconceptualized as preparation, was incorporated 
into the model in an analysis of the process of smoking cessation (Di Clemente et ar., 
1991; Velicer et al., 1992). 
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The stages of change has utility since it divides a population into mutually 
exclusive categories. One method of measuring the stages results in an ordered 
categorical variable with five categories. There are several prominent stage theories 
within psychology such as Piaget's stages of cognitive development, Kohlberg's stages 
of moral development (Kohlberg, 1969), and Kubler-Ross's stages for coping with 
-
death (Kubler-Ross, 1975). Although there are stage theories, procedures for 
adequately analyzing qualitative stage variables have been limited. Recently, Collins, 
Wugalter and Rousculp (1991) developed latent transition analysis for use with stage 
sequential dynamic latent variables. The purpose of this study is to examine 
movement among the stages of change over time using latent transition analysis 
(Collins, Wugalter & Rousculp, 1991). 
This paper will discuss the characteristics of the stages of change and the 
dynamic relationship among the stages. A brief overview of latent class theory is 
provided as it is the foundation of latent transition analysis. An in depth discussion of 
latent transition analysis is presented along with applications of latent transition 
analysis. Lastly, an example of latent transition analysis to the stages of change for 
smoking cessation is provided. 
Stages of Change 
Precontemplation. Precontemplation is the earliest of the stages of change. 
People in precontemplation are not seriously thinking of changing their problem 
behavior in the next six months. The six month time frame is used because this is 
about how much in the future people plan to change their behavior (Velicer et al., 
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1992). People may be in the precontemplation stage because they are demoralized 
about their abilities to change, they are uninformed or under informed about the risk 
of their behavior, or they are defensive about their behavior (Prochaska & Goldstein, 
in press). 
Contemplation. Contemplators are those people who are seriously thinking 
about changing their behavior in the next six months. They are not prepared to take 
action at present, but are considering the possibility and the consequences of change 
(Velicer et al., 1992). 
Preparation. Preparation is the ready-for-action stage. Here, individuals have 
intentions of changing smoking within a month. They also engage in small but 
deliberate steps toward action. Examples of small steps taken by smokers are given 
by Prochaska and Goldstein (in press): they delay their first cigarette of the day, they 
smoke less cigarettes when compared with contemplators and precontemplators, and 
have tried to quit more often. 
Action. Action is marked by the overt modification of behavior. The six 
month action stage is also the stage with the greatest risk for relapse of the behavior 
change. Awareness of the possible lapses and slips and awareness of strategies for 
relapse prevention are of importance to action. 
Maintenance. Maintenance is the final stage and spans the time period from 
action to when the change is complete and no chance of relapse exists. Maintenance 
can be jeopardized by environmental and internal cues that trigger the old behavior. 
Maintenance is different from termination of smoking behavior in that during 
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maintenance there is continued change. Termination is a more static time period 
(Velicer et al., 1992). Not all behavior change will result in termination. 
Movement Among Stages 
Progression through the stages of change usually is not linear. Regression is 
the general term used for any return from an advanced stage to an earlier stage. 
Relapse is marked by an event that terminates the action stage (Di Clemente et al., 
1991). Prochaska and DiClemente (1992), for example, followed 1,000 self-changers 
for two years and found that it takes an average of three to four cycles through the 
stages before an individual is completely free from smoking, with relapse being the 
rule rather than the exception. Only 5 % of 200 contemplators progressed to 
maintenance without relapse. Of those individuals that do relapse, they found that 
only 15 % give up and 85 % recycle back to take further action. 
Measuring the Stages of Change 
The stages of change have been measured by several methods. The critical 
elements to measure are intentions and behaviors specific to each stage and each 
problem behavior (Di Clemente et al., 1991). The two most widely used methods t? 
assess stage of change are the University of Rhode Island Change Assessment Scale 
(URICA) and classification algorithms. The URICA consists of 32 items that reveal 
four subscale scores for precontemplation, contemplation, action, and maintenance 
(McConnaughy, Velicer, & Prochaska, 1983). These results have been replicated 
(Mcconnaughy, DiClemente, Prochaska, & Velicer, 1989). 
A categorical classification system based on five questions and an algorithm 
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based on the responses has been developed. This is the most extensively employed 
method of measuring stage membership. The five questions for smoking cessation are 
as follows: 1) "Are you currently smoking?, 2) Are you seriously considering 
quitting in the next 6 months?, 3) Are you planning to quit in the next 30 days?, 4) 
Have you quit smoking for a period of at least 24 hours in the past year?, and 5) How 
long have you been off cigarettes?" (Prochaska & DiClemente, 1992, p.11). 
Additional items are typically included to verify the responses to these key questions. 
Following the algorithm, individuals in precontemplation are smoking and are 
not seriously considering changing in the next six months. Contemplation includes 
smokers who are seriously considering quitting in the next six months. Smokers in 
the preparation stage are those who both are intending to quit in the next 30 days and 
have quit smoking for at least 24 hours in the past year. People in action are those 
who currently do not smoke and have quit within the last six months. Those who 
have quit smoking for more than six months are classified as being in the maintenance 
stage. 
Latent Transition Analysis 
Psychology has long been concerned with measuring individual growth and 
development over time. Often, the focus of study is a variable or construct that is not 
directly observable. These constructs called latent variables are either static or 
dynamic (Collins & Cliff, 1990). Several measurement theories are used for 
continuous, quantitative latent variables (Fisher, 1983; Embretson, 1991 ; Collins and 
Cliff, 1990). Much behavior, however, is characterized not as continuous measures 
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but as discrete stages, or latent statuses, that qualitatively represents where an 
individual is in a growth or development process. Such stage theories are abundant in 
the psychological literature. Until recently the methodology for examining qualitative 
latent variables was not available. 
Markov models, used to predict the probability of movement through stages 
over a specific time interval, are the most widely employed measurement technique 
for dealing with discontinuous variables. Markov models, however, do not permit 
measurement error, and may, therefore, not truly reflect a data set. Latent class 
theory is a method for looking at stage sequential latent variables that allows for 
measurement error. By combining Markov models and latent class theory, 
measurement uncertainty can be incorporated into the model (Wiggins, 1973; 
Lazarfeld & Henry, 1968). Several methods of parameter estimation for this 
approach have been developed (Bye and Schechter, 1986; van de Pol and de Leeuw, 
1986; van de Pol and Langeheine, 1989). 
Latent class measurement theory (Clogg & Goodman, 1984; Dayton & 
Macready, 1976; Lazarfeld & Henry, 1968) is grounded by discontinuous latent 
variables measured by responses to an instrument. Items are usually dichotomous 
and are manifest indicators of the latent variable. Latent class membership, defined 
by the latent variable, is mutually exclusive, and all members of a population are 
classified into one latent class. Latent class theory is limited, however, because it 
does not handle dynamic latent variables that change systematically over time 
(Graham, Collins, Wugalter, Chung & Hansen, 1991). 
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Latent transition analysis extends LCT to include latent status mea~ured by · 
dynamic latent variables, and also examines movement among the latent statuses over 
time. As with LCT, LT A contains parameters that represent the possible error of the 
manifest items. Latent Class is measured only once and does not change, i.e., gender 
or treatment condition. In contrast, Latent Status is measured a minimum of two 
occasions and is expected to change over time. 
The stages of change model involves five latent statuses which are: (1) 
precontemplation (PC); (2) contemplation (C); (3) preparation (P); (4) action (A); and 
(5) maintenance (M). At any time a smoker is in one of these latent statuses or 
stages. The transition probability matrix represents movement from one stage to 
another at each occasion of measurement. The individual probability are represented 
as r81A where,- is a probability, i.e., O~r~l.00, and A is the latent status at time 1 
and B is the latent status at time 2. Since movement among stages can be either 
forward or backwards, there is a full probability matrix. If we assume two occasions 
of measurement and no latent class variable, the transition 5X5 probability matrix for 
the stages of change would be represented as: 
Occasion 2 
,..PCIPC 7c1Pc 7 PIPC 7AIPC 7 M IPC 
1"pe1c 7c 1c 'TPIC 7AIC 7MJC 
[l] Occasion 1 1"peJp 1"cJP 1"pJp 1" AJP ,..MIP =r 
1"pclA 7clA ,.PIA 1" AIA 7 MIA 
7PCIM 7 CIM 7 PIM 7AIM 7 MIM 
where rPCIPC is the probability of membership in the precontemplation stage on the 
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second occasion conditional upon membership in the precontemplation stage on the 
first occasion. Likewise 7clA is the probability of membership in the contemplation 
stage on the second occasion conditional upon membership in the action stage on the 
first occasion. Since there is a time element involved in defining the stages of change 
some elements of the matrix could be fixed at zero depending on the time interval 
between the occasions of measurement. For example, if the two occasions of 
measurement are only four months apart, it is not possible to move from the 
contemplation stage to the maintenance stage since the action stage between them is 
defined as a six month period. Therefore, 7"Mlc would be fixed at zero. 
The Latent Transition Analysis Model and Notation 
The model is most easily understood with a simple example. Assume there 
are two occasions of measurement, five latent statuses, and a static latent variable 
with two latent classes. The occasions of measurement will be define as time t for the 
first and time t+ 1 for the second. Latent status represented by S, will be defined as 
PC (precontemplator) for the first latent status, C (contemplator) for the second latent 
status, P (preparation) for the third latent status, A (action) for the fourth latent status 
and M (maintainer) for the final latent status. S 1 will represent latent status at time 1 
and S2 will represent latent status at time 2. Assume that latent status is measured by 
five items, item 1, item 2, item 3, item 4, and item 5 where g, h, i, j, k, equal 
responses at time t and g', h', i',j', k' equal responses at time t+l. Lastly assume 
that latent class, type of change, self change or therapy assisted change, is measured 
by one item where m equals the response to the item. Therefore, each participant will 
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have a vector of response patterns (Y) for each of the measured variables where 
Y={m, g, h, i,j, k, g', h', i',j', k'}. 
LTA models involve four different types of parameters: [l] the gamma 
parameters (-y), which are estimates of the proportion of the population in each latent 
class or subgroups, [2] the delta parameters (o), which are estimates of the proportion 
of the population in each latent status at each occasion of measurement, [3] the tau 
parameters (r) which refer to the probability of transitioning from one latent status to 
another, and [4] the rho parameters (p), which represent measurement error, that are 
estimates of a particular item response conditional on latent status and latent class 
membership. The formal mathematical equation for the LTA model is represented 
by: 
[2] 'YLc PMILC 0s1Lc Pg1s1,Lc Pb1s1,Lc P;1s1,Lc Pjis1 ,Lc Pk1s1,Lc Ts21s1,Lc Pg•1s2,Lc Pb'IS2,LC P;•1s2,Lc 
Pj ' IS2,LC Pk ' IS2,LC 
The gamma parameters (-yLc) represent the proportion in each latent class. The 
gammas sum to one. The number of -y's estimated freely is C-1 where C is the 
number of latent classes. An example of a latent class would be an experimental 
manipulation that would result in two or more latent classes or gender. These 
typically do not change across occasions of measurement. The present application of 
LTA to the stages of change for smoking cessation does not have a latent class 
variable. The data were gathered as part of naturalistic study that had no 
intervention. However, future studies could incorporate a latent class variable, such 
as intervention group or gender, to examine between group differences. This is 
particularly interesting for stage matched interventions. Participants who would 
receive staged matched interventions when compared with controls who did not 
receive stage matched interventions are expected to progress through the stages with 
higher probability. The LTA method could be used to examine these differences. 
The delta parameters (<\
1
u:) are the proportion of the population in each of the 
five latent statuses at each occasion of measurement conditional on latent class. There 
is one delta for each latent status at each occasion of measurement. In this example 
the 081 Lc is a vector. 
[3] 
OpclLC 
0c1Lc 
0PILC 
OAJLC 
OMILC 
Where OpcJLc is the proportion in the precontemplation stage, oc 1Lc is the proportion in 
the contemplation stage, oPILC is the proportion in the preparation stage, oAILc is the 
proportion in the action stage, and oM I Lc is the proportion in the maintenance stage. 
The number of freely estimated o parameters is equal to C(S-1), in this example 2(5-
1) or 8. Examination of the delta parameters show the growth or decline in latent 
status membership over time. 
The tau parameters (r821s1,Lc) matrix is the transition probability matrix 
representing the probabilities of transitioning to each of the latent statuses at time 2 
conditional upon membership in a particular latent status at time 1 and latent class. 
The r's form the transition probability matrix and is an SXS matrix. In this example 
the tau matrix is a 5X5 matrix (see [I]). There is one tau matrix for each occasion of 
measurement. The rows of the tau matrix sum to one. In a first order model the 
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number of parameters estimated freely is equal to S(S-1) (T-1) where Tis the numb.er 
of occasions of measurement. 
The diagonal elements of the tau matrix represent stability, i.e., the proportion 
of individuals who remain in the same latent status on both occasions of measurement. 
The elements above the diagonal represent progression. These values represent the 
proportion of individuals who move forward to a new latent status on the second 
occasion. The elements below the diagonal represent regression, i.e., the proportion 
of individuals who move backward to a previous latent status on the second occasion. 
If there are three or more occasions of measurement the transitions among the 
latent statuses are conditional upon not only the most recent latent status membership 
but also on the latent status two occasions of measurement previous. All parameters 
for second-order models are a direct extension of the first-order model with the 
exception of the tau parameters. There are CS(S-l)+CS2(S-l)(T-2) possible tau 
parameters to be freely estimated in the second-order model. 
There are two sets of rho parameters (p); one associated with the static latent 
variable representing latent class membership and one associated with the dynamic 
latent variable representing latent status membership. The rho's (p) represent the 
probability of a particular response to each manifest variable at each occasion of 
measurement conditional on latent class membership and/or latent status membership. 
The measurement parameters (pMILc) represent the probability of responses to the it~m 
measuring the static latent variable conditional on latent class membership. In other 
words, what is the probability a member of latent class one will select the first 
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response category. For example, for item 1 with two response categories, the 
following rho's would be found: 
[4] 
Response Category 1 
Item 1 
LCI 
LC2 
P11Lct 
P!ILC2 
Response Category 2 
Item 1 
LCI 
LC2 
P21Lc1 
P2 1LC2 
The rho parameters associated with the dynamic latent variable represent the 
probability of response to the item measuring the dynamic latent variable conditional 
on latent status membership and latent class membership. For our example assume 
that the five items measuring latent status are dichotomous, yes/no, items. 
Latent Class 1, Time 1 
Responses Category 1 
ITI IT2 IT3 IT4 IT5 
Response Category 2 
ITI IT2 IT3 IT4 IT5 
[5] PgiPC,LC Pb!PC,LC PiiPC,LC Pj!PC,LC Pk!PC,LC PgiPC,LC Ph!PC,LC Pi!PC,LC Pj!PC ,LC Pk\PC ,LC 
PgiC,LC PhiC,LC P;ic ,Lc Pj iC,LC PkiC ,LC Pg iC,LC PhiC ,LC P;ic ,Lc Pnc ,Lc Pk i C,LC 
PgiA,LC PbiA,LC PiiA ,LC PjiA,LC PkiA ,LC PgiA ,LC PbiA,LC PiiA ,LC PjiA,LC PkiA ,LC 
PgjM,LC PbjM,LC PijM ,LC Pj jM ,LC Pk j M,LC Pg jM, LC PbiM ,LC PiiM ,LC Pj jM ,LC Pk j M,LC 
The elements of the rho matrix represent the probability that members in a particular 
stage and latent class will select a particular response category one. For example 
Pg!Pc ,Lc represents the probability that members of the precontemplation stage that 
belong in latent class 1 will respond with category one, or yes, to first item measuring 
the dynamic latent variable . 
The p's serve two roles in the LTA model. The p's map the manifest item 
onto the latent statuses as factor loadings show the relationship between items and a 
factor. And the p's also show how precisely the manifest items measure the latent 
variables. The rho parameters can be interpreted as representing the relationship 
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between the manifest variables and latent classes in the same way the factor loadings 
relate the manifest variables to the latent factors in structural equation modeling. The 
values close to O or 1 indicate that the manifest response is determined by latent status 
membership and values that are close to one divided by the number of response 
patterns are determined by chance. The parameters associated with the latent class 
variable that can be estimated freely are C/(R-1) where R is the number of response 
categories for each manifest variables. The parameters associated with the latent 
status variable that can be estimated freely are CSTJ(M-1) where Mis the number of 
response categories for each manifest variable. 
The present application to the stages of change will not focus on rho 
parameters. It is assumed that there is no measurement error in classification of stage 
membership . The present study had only one measure for latent status and 
verification measures were available and used in data cleaning to correct erroneous 
stage classification. However, use of the rho parameters in future studies could 
compare the classification algorithm used in this study to alternate measures of stage 
membership such as the URI CA (Mcconnaughy, Prochaska & Velicer, 1983; 
Mcconnaughy et al., 1989) and the contemplation ladder (Abrams, Emmons, Linnan 
& Biener, in press). 
Estimation 
The LTA program (Collins et al., 1991) uses the EM algorithm (Dempster, . 
Laird, & Rubin, 1977) for estimating the four types of parameters. Collins and 
Wugalter (1992) conducted a study using artificial data to determine the ability of the 
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EM algorithm to recover LTA model parameters and the ability of the procedure 
under varying conditions. Two models were used . One that allowed developmental 
reversals and the second model that did not. Two measurements strengths, weak and 
strong, were used. The number of items varied between three and six, and sample 
sizes were set at either 300 or 1000. Good parameter recovery is marked by the 
parameter estimate being equal to the true parameter value with a small standard 
error. The results of the simulation study showed that parameter recovery was 
acceptable under a variety of conditions (Collins & Wugalter, 1992). 
LTA is used to determine how well a particular model fits the data. A model 
predicts the number of people who will contribute to a particular response pattern. A 
good fitting model will have predictions that are close to the actual data. The 
goodness of fit statistic will be small relative to degrees of freedom for a good fitting 
model (Graham et al., 1991). G2 , a likelihood-ratio goodness-of-fit statistic , is 
approximately distributed as a chi-square where degrees of freedom is equal to the 
number of response patterns minus the number of estimated parameters minus one or 
expressed df = K-P-1. A model is considered identified when the number of 
parameters estimated is less than the number of response patterns minus one. An 
additional criterion for assessing the fit of a model is a modified likelihood ratio 
statistic (Collins & Wugalter, 1992). The Akaike Information Criterion (AIC) 
(Akaike, 1987) is G2+ 2p, where p is the number of parameters estimated . 
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Examples 
LTA has been used to test two alternative models of adolescent substance use 
onset and examine preventative intervention on adolescent substance use (Graham et 
al., 1991). The first model tested proposes that alcohol is the first substance used, 
then cigarettes, then first drunkenness , and then more intense use of cigarettes, 
alcohol and marijuana. The second model tested proposes that the first substance 
used is either cigarettes or alcohol , then the alternate substance, then drunkenness, 
and then advanced use (Kendel & Yamaguchi , 1985). Goodness-of-fit for Model 1 
was G2(220)=315.366 and for Model 2 G2(210)=208.948. The models can be 
directly compared by subtracting G2 for Model 1 from Model 2 since Model 1 is 
nested within Model 2. The degrees of freedom are also obtained by subtraction. 
Results indicate that Model 2 provides a significantly better fit than Model 1 
G2(10)=106.418, p< .0001. 
The study also examined the effectiveness of a school based substance use 
prevention program. Results indicate that those seventh graders who received a 
normative education curriculum had a significantly better outcome than those seventh 
graders who did not. Better outcome was marked by no transition to a higher use 
latent status or transition into a lower use latent status (Graham et al., 1991). 
LTA has also been used to test three models for examining math skills 
acquisition, using a cohort of 1500 students in their sophomore year and beyond 
(Rock & Pollack, 1987). Participants' math skills were tested using four testlets, 
each with five items designed to measure a particular math skill. If four of the five 
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items were correct then the testlet was passed. The four testlets correspond to the 
five latent statuses: 1) no skill, 2) single operations on whole numbers, 3) single 
operations and powers and roots, decimals and fractions, 4) single operations, powers 
and roots, and low level algebra, and 5) single operations, powers and roots, low-
level algebra and low-level geometry, algebra with word problems. 
Model A proposed learning without unlearning between sophomore and senior 
year, G2 =143.52 (df=221, p=.999, AIC=211.52). Model B proposed learning and 
unlearning between sophomore and senior year, G2=137.31 (df=211, p=.999, 
AIC=225.31). And Model C proposed that neither learning nor unlearning takes 
place, G2=283.50 (df=231, P=.011, AIC=331.50). The results indicate that Model 
C has a significantly worse fit than Model A and Model B. By examining the G2 
difference= 6. 21 ( df = 10, p = . 791) we see that Model A provides a satisfactory fit. 
This study will examine movement among the stages of change for smoking 
cessation using a sample of reactively recruited self-change smokers, by examining 
adjacent panels in the longitudindal design. The purpose of this secondary analysis is 
to determine the pattern of the values in the transition probability matrix . 
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Method 
Sample 
The sample consisted of 545 smokers and former smokers recruited in 
response to newspaper ads and articles in Rhode Island and Texas. The mean (± SD) 
age of the sample was 39.7 (12.0) years, and 94% had at least graduated from high 
school. Of the sample, 68% were female, 58.5% were married, 94.9% were white, 
2.6% were black and 2.7% were other races. Subjects were assessed five times over 
a two year period with measurement intervals of six months. The stages of change 
algorithm was part of a larger questionnaire battery. In this study the stages of 
change were still being developed and therefore have slightly different characteristics 
from present definitions. Subjects selected one of five statements that best describe_d 
their current status. 
Precontemplators are current smokers that have not tried to quit in the past 
year and have no plans to quit in the next year (n=78). Contemplators are smokers 
that had not tried to quit in the past year and are seriously thinking about quitting in 
the next year (n=243). The action stage is characterized by abstinence from 
cigarettes for less than six months (n=80), and maintenance is characterized by 
abstinence from smoking for more than six months (n=l44). The preparation stage 
was not measured in this study. Those participants who were identified as relapsers 
were included in the contemplation stage. Relapsers appear similar to contemplators 
on other measures associated with the transtheoretical model (Prochaska et al., 199i). 
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Method of Analysis 
LTA will be used to specify a model that best explains movement between the 
stages and to examine transitions between the stages. Transitions between each of the 
time periods will be examined as a series of first order models (ie. between time 1 
and time 2, between time 2 and time 3). Therefore, no gamma parameters need to be 
estimated. 
There is one manifest variable, or indicator, of latent status. The item has 
four response categories; 1) precontemplation (PC), 2) contemplation (C), 3) action 
(A) and 4) maintenance (M). One transition probability matrix will be estimated for 
each of the first order models. The rho matrix holds the parameter estimates for the 
probability of a particular response to the measured variable at each occasion of 
measurement. Only one rho matrix is required to start the parameter estimation. The 
program uses the same starting values for all times. One delta matrix will be 
estimated to represent the proportion of the population in each latent status for each 
time period. 
Several alternative models will be tested and compared. Model I proposes 
only one stage forward movement among the four latent statuses. Figure 1 illustrates 
Model I. 
Model II proposes both forward and backward movement one stage only. 
Figure 2 illustrates Model II. 
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Figure 1. Model I: One stage forward movement only. 
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Figure 2. Model II: One stage forward and backward movement. 
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Model m proposes that movement among the stages is both one stage forward 
and backward and two stage forward movement is permitted. Figure 3 illustrates 
Model ID. 
The rho parameter estimates in this model require a small discussion since 
there is only one item indicating latent status. Latent status membership, in this case, 
is determined by which of the four statements that a subject uses to describe their 
smoking status. Consequently, the probability of a particular response category being 
selected is directly extended to the probability of selection of latent status. The 
implications for this analyses is that there will be no true measurement parameters 
since there is no measurement error. The starting values for the rho parameters are 
as follows: 
Response Response Response Response 
categoO:'. 1 categoO:'. 2 categoO:'. 3 categoO:'. 4 
PC 1.0 PC 0 PC 0 PC 0 
[6] C 0 C 1.0 C 0 C 0 
A 0 A 0 A 1.0 A 0 
M 0 M 0 M 0 M 1.0 
The delta parameter estimates will indicate the growth or decline in stage 
membership. Since the sample which these estimates are based on is a non-
representative sample they will be interpreted cautiously. 
As suggested by Collins, Wugalter and Rousculp (1992) a convergence 
criterion of .00001 will be used. The number of unique response patterns for time 1 
to time 2 is 13, time 2 to time 3 is 13, time 3 to time 4 is 13, and time 4 to time 5· is 
14. is 108. 
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Figure 3. One stage forward and backward movement and two stage forward 
movement. 
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Analyses Interpretation 
The LTA output will provide an iterative history of G-squared as well as ttie 
final G-squared value and degrees of freedom. The three models will be compared 
for overall fit using G-squared. While providing an index of model fit is a strength of 
LTA, an additional focus of this study will be the individual parameters estimated. 
The model that proposes only forward movement (Model I) is not expected to 
represent the data well. Model II and Model ill are predicted to have better fit. 
Model II and Model ill will be compared directly by the G-squared difference test of 
significance. It is predicted that the additional paths specified in Model ill which 
represent two stage progression will be essential to represent the data. 
The transition probability matrices will be examined. It is expected that the 
probability for transition to adjacent stages will be higher than non-adjacent stages. 
This expectation is consistent with the transtheoretical model which predicts that 
people move through a sequence of small changes, or stages, in their efforts to 
change. For example, the probability of a precontemplator transitioning to 
contemplation will be higher than the probability of transitioning to action or 
maintenance. Also, the probability of a contemplator transitioning to 
precontemplation or action will be higher than the probability of transitioning to 
maintenance. The tau matrix will have higher probability values immediately above 
and below the diagonal than the far off-diagonal values. 
It is also predicted that the probability of forward movement among the stages 
will be higher than the probability of backward movement. This is consistent with the 
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transtheoretical model that posits that there is a cyclical pattern to how people change. 
It is expected that progression through the stages is more probable than regression, 
and therefore the values above the diagonal of the matrix are expected to be higher 
than those below the diagonal. 
Results 
First Order Models 
Time 1 to Time 2 
Overall model fit for the three models is carried out by comparing G2 • For 
model I G2(12)=3667.863. For model II G2(9)=534.918, and for Model m, 
G2(7)=284.350. Model I obviously results in a significantly worse fit than either 
Model II or Model ill. The G2 for Model I is substantially larger. 
The remaining two models may be compared directly because Model II is 
nested in Model ill. That is, Model II is a special case of Model ill with certain 
parameters fixed at zero. The comparison can be made directly by subtracting the G2 
for the more restrictive model, Model II, from the more general model, Model ill. 
The degrees of freedom for the resulting G2 are also obtained by subtraction. G2 • 
difference is 250.568 with 2 degrees of freedom, 12< .001. Assuming the G2 
difference is distributed as chi-square, the more restrictive model presents a 
significant decrement in model fit compared with the more general model. Model ill 
provides better fit indicating that two stage progression is a necessary part of the 
model. 
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Parameter Estimates for Model III 
Probabilities of latent status membership at each occasion of measurement. 
These parameters represent the proportion of the population in each of the five latent 
statuses at time 1 and time 2. Table 1 shows that 42.8% of the subjects were in the 
contemplation stage at time 1 and only 41. 8 % of the subjects were in that stage at 
time 2. 
There was a slight decline in contemplation stage membership from time 1 to 
time 2. The precontemplation stage had a slight increase in membership (15.4% at 
time 1 and 15.7% at time 2). The proportion of subjects in action decreased 
substantially from 15.9% at time 1 to 7.5% at time 2. However, proportion of 
subjects in maintenance increased substantially from 26 % to 35 % . 
Transition Probabilities. The transition probability matrix estimated for Model 
III is shown in Table 2. Several important findings are evident by examining the 
transition probability matrix. Figure 4 illustrates the transition probabilities paths for 
Model III. First, both forward and backward movement exists indicating that 
movement among the stages in not linear forward movement. Second, it was 
hypothesized earlier that the probability of forward movement would be greater than 
backward movement. This is true in the case of the those subjects who were in action 
at time 1. The probability of transitioning forward is greater. The percentage of 
subjects who transitioned forward to maintenance was 54.3 % , greater than those 
subjects who remained in action (17.4 % ) and those who regressed to contemplation 
(28.3 %). 
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Table 1 
Delta Parameter Estimates. Probabilities of Latent Status Membership. for Model m 
Time 
Stage 1 2 3 4 5 
Precontemplation .154 .157 .185 .104 .104 
Contemplation .428 .418 .330 .375 .331 
Action .159 .075 .101 .105 .121 
Maintenance .260 .350 .384 .416 .444 
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Table 2 
Tau Parameter Estimates, Probabilities of Latent Status Transitions, for Model m 
Part I. Time 1 to Time 2 
Stage Time 2 
Stage Time 1 Precontemplation Contemplation Action Maintenance 
Precontemplation .674 .258 .067 .0 
Contemplation .124 .780 .069 .027 
Action .0 .283 .174 .543 
Maintenance .0 .0 .027 .973 
Part II. Time 2 to Time 3 
Stage Time 3 
Stage Time 2 Precontemplation Contemplation Action Maintenance 
Precontemplation .658 .231 .111 .0 
Contemplation .196 .654 .108 .042 
Action .0 .279 .180 .541 
Maintenance .0 .0 .069 .931 
continued 
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{Table 2 continued) 
Part m. Time 3 to Time 4 
Stage Time 4 
Stage Time 3 Precontemplation Contemplation Action Maintenance 
Precontemplation 
Contemplation 
Action 
Maintenance 
Part IV. Time 4 to Time 5 
.421 
.081 
.0 
.0 
.474 
.750 
.391 
.0 
Stage Time 5 
.105 
.136 
.217 
.048 
.0 
.034 
.391 
.952 
Stage Time 4 Precontemplation Contemplation Action Maintenance 
Precontemplation .511 .341 .148 .0 
Contemplation .136 .682 .139 .043 
Action .0 .381 .286 .333 
Maintenance .0 .0 .056 .944 
Note. A value of .0 indicates that the parameter was fixed at zero; .000 indicates the 
value was estimated at zero. 
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Third, it is interesting to note that although the probability of forward 
movement being greater was not true for subjects in the contemplation stage at time 
1, these subjects had very little movement overall. For contemplators the probability 
of transitioning out of contemplation was only .220. 
Fourth, for three of the latent statuses, precontemplation, contemplation, and 
maintenance, the probability of remaining in the same latent status at both time 1 and 
time 2 was greater than the probability of moving to all other stages combined. For 
those subjects who began in precontemplation 67.4% remained in precontemplation , 
only 25.8% moved to contemplation and a smaller 6.7% moved all the way to action. 
For contemplators at time 1 78.0% remained in contemplation at time 2, 6.9% 
transitioned to action, 2.7% transitioned to maintenance, and 12.4% regressed to 
precontemplation. Almost all maintainers at time 1 remained in maintenance, 97. 3 % . 
Very few maintainers, 2.7%, regressed to action. 
Fifth, the probability of transition to adjacent stages was greater than 
nonadjacent stages. Only 6. 7 % of precontemplators at time 1 transitioned to the 
nonadjacent action stage while 25. 8 % transitioned to the adjacent contemplation stage. 
A small 2. 7 % of contemplators at time I transitioned to the nonadjacent maintenanc;:e 
stage while 19.3% transitioned to either action or precontemplation. 
Measurement parameters. As noted earlier, since, in this case, latent status 
membership is determined by which of the four responses a subject chooses to 
describe their smoking behavior three of the parameters estimated will be at zero. 
For example , the probability that someone in the precontemplation stage will choose 
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the first response category is 1.0, and that someone in the contemplation stage will 
choose the second response category is 1.0. This was presented in equation [6]. 
Time 2 to Time 3 
For the three models overall model fit indices indicate that Model I does not 
represent the data well G2(12)=4312.484. For Model II G2(9)=877.962, and for 
Model ill G2(7) = 703. 979. 
Model II and Model ill can be compared by evaluating G2 difference. 
Assuming the G2 difference 173.983 with 2 degrees of freedom is distributed as chi-
square Model II presents a significant decrement in model fit, n < .001. The more 
general Model ill provides a better fit of the data from time 2 to time 3. 
Parameter Estimates for Model ill 
Probabilities of latent status membership at each occasion of measurement. 
The proportion of the population in each of the four latent statuses at time 2 and time 
3 are represented by these parameters. Table 1 shows 7.5% of the subjects were in 
action at time 2 and a higher proportion, 10.1 % , were in action at time 3. The 
proportion of subjects in action increased, while contemplation experienced a decline 
in stage membership (41.8% at time 2 and 33.0% at time 3). Precontemplation and 
maintenance stages both had increased membership at time 3. 
Transition Probabilities. The transition probability matrix estimated for Model 
ill is shown in Table 2. Several important observations are evident by examining the 
transition probability matrix. Figure 5 illustrates the transition probabilities paths for 
Model m. First, both forward and backward movement exists indicating that 
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Figure S. Tau parameter estimates for Model ID time 2 to 3. 
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movement among the stages in not linear forward movement. Second, it was 
hypothesized earlier that the probability of forward movement would be greater than 
backward movement. This is true in the case of the those subjects who were in action 
at time 2. The percentage of subjects who transitioned forward to maintenance was 
54.1 %, greater than those subjects who remained in action (18.0%) and those who 
regressed to contemplation (27.9%). Third, it is interesting to note that although the 
probability of forward movement being greater was not true for subjects in the 
contemplation stage at time 2, these subjects had very little movement overall. 
Fourth, for three of the latent statuses, precontemplation, contemplation, and 
maintenance, the probability of remaining in the same latent status at both time 2 and 
time 3 was greater than the probability of moving to all other stages combined. For 
those subjects who began in precontemplation 65.8% remained in precontemplation, 
only 23.1 % moved to contemplation and a smaller 11.1 % moved all the way to 
action. For contemplators at time 2, 65.4% remained in contemplation at time 3, 
4.2 % transitioned to maintenance, and 19.6% regressed to precontemplation. A high 
percent of maintainers at time 2 remained in maintenance, 93.1 % . Few maintainers, 
6. 9 % , regressed to action. 
Fifth, the probability of transition to adjacent stages was greater than 
nonadjacent stages. Only 11.1 % of precontemplators at time 2 transitioned to the 
nonadjacent action stage while 23.1 % transitioned to the adjacent contemplation stage. 
A small 4.2 % of contemplators at time 2 transitioned to the nonadjacent maintenance 
stage while 10. 8 % transitioned to action. 
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Time 3 to Time 4 
Overall model fit for the three models is carried out by comparing G2· For 
Model I G2(12)=2525.779. For model II G2(9)=930.769, and for Model ill, 
G2(7)=457.343. Model I obviously results in a significantly worse fit than either 
Model II or Model m. The G2 for Model I is substantially larger. 
The remaining two models may be compared directly because Model II is 
considered a nested model of Model m. That is, Model II is a special case of Model 
m with certain parameters fixed at zero. The comparison can be made directly by 
subtracting the G2 for the more restrictive model, Model II, from the more general• 
model, Model m. The degrees of freedom for the resulting G2 are also obtained by 
subtraction. G2 difference is 473.426 with 2 degrees of freedom, n < .001. Assuming 
the G2 difference is distributed as chi-square, the more restrictive model presents a 
significant decrement in model fit compared with the more general model. In other 
words, Model m provides better fit indicating that two stage progression 
is a necessary part of the model. 
Parameter Estimates for Model m 
Probabilities of latent status membership at each occasion of measurement. 
These parameters represent the proportion of the population in each of the five latent 
statuses at time 3 and time 4. Table 1 shows that 18.5 % of the subjects were in the 
precontemplation stage at time 3 and only 10.4 % of the subjects were in that stage at 
time 4. Precontemplation was the only stage that experienced a decrease in stage 
membership. For all other stages the proportion of subjects at time 4 was greater 
35 
than at time 3. 
Transition Probabilities. The transition probability matrix estimated for Model 
ID is shown in Table 2. Several important observations are evident by examining the 
transition probability matrix. Figure 6 illustrates the transition probabilities paths for 
Model m. First, both forward and backward movement exists indicating that 
movement among the stages in not linear forward movement. Second, it was 
hypothesized earlier that the probability of forward movement would be greater than 
backward movement. This is true in the case of the those subjects who were in 
contemplation at time 3. The percentage of subjects who transitioned forward to 
action was 13.6% and 3.4% transitioned forward to maintenance. Seventy-five 
percent remained in contemplation and only 8.1 % regressed to precontemplation. For 
subjects who were in action at time 3 there was equal probability that they would 
progress to maintenance or regress to contemplation (.391). 
Third, for two of the latent statuses, contemplation and maintenance, the 
probability of remaining in the same latent status at both time 3 and time 4 was 
greater than the probability of moving to all other stages combined. For those 
subjects who began in contemplation at time 3, 75 % remained in contemplation at 
time 4, 13.6% transitioned to action, 3.4% transitioned to maintenance, and 8.1 % 
regressed to precontemplation. Almost all maintainers at time 3 remained in 
maintenance, 95.2%. Very few maintainers, 4.8%, regressed to action. 
Fifth, the probability of transition to adjacent stages was greater than 
nonadjacent stages. Only 10.5 % of precontemplators at time 3 transitioned to the 
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Figure 6. Tau parameter estimates for Model ill time 3 to 4. 
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nonadjacent action stage while 4 7.4 % transitioned to the adjacent contemplation stage. 
A small 3.4% of contemplators at time 3 transitioned to the nonadjacent maintenance 
stage while 13.6% transitioned to action. 
Time 4 to Time 5 
For the three models overall model fit indices indicate that Model I does not 
represent the data well G2(12)=3927.822. For Model II G2(9)=978.018, and for 
Model ill G2(7)=564.485 . 
Model II and Model ill can be compared by evaluating G2 difference . 
Assuming the G2 difference 413.533 with 2 degrees of freedom is distributed as chi-
square Model II presents a significant decrement in model fit, Q < . 001. The more 
general Model ill provides a better fit of the data from time 4 to time 5. 
Parameter Estimates for Model ill 
Probabilities of latent status membership at each occasion of measurement. 
The proportion of the population in each of the four latent statuses at time 4 and time 
5 are represented by these parameters. Table 1 shows 10.4 % of the subjects were in 
precontemplation at time 4 and 10 .4 % , were in precontemplation at time 5 indicating 
that there was no change in the proportion of subjects in precontemplation 
membership. The proportion of subjects in contemplation decreased from 37.5 at 
time 4 to 33 .1 % at time 5. Action and maintenance stages both had increased 
membership at time 5. 
Transition Probabilities. The transition probability matrix estimated for Model 
ill is shown in Table 2. Several interesting findings are evident by examining the 
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transition probability matrix. Figure 7 presents the transition probabilities paths for 
Model ill. First, both forward and backward movement exists indicating that 
movement among the stages in not linear forward movement. Second, it was 
hypothesized earlier that the probability of forward movement would be greater than 
backward movement. This is true for those subjects who were in contemplation at 
time 4. For contemplators the percentage of subjects who transitioned forward to 
either and action or maintenance was 18.2 % , greater than those subjects who 
regressed to precontemplation (13.6%). 
Third, for three of the latent statuses, precontemplation, contemplation, and 
maintenance, the probability of remaining in the same latent status at both time 4 and 
time 5 was greater than the probability of moving to all other stages combined. For 
those subjects who began in precontemplation 51.1 % remained in precontemplation, 
only 34.1 % moved to contemplation and a smaller 14. 8 % moved all the way to 
action. For contemplators at time 4, 68.2% remained in contemplation at time 5, 
4.3% transitioned to maintenance, and 13.6% regressed to precontemplation. A high 
percent of maintainers at time 4 remained in maintenance, 94.4%. Few maintainers, 
5. 6 % , regressed to action at time 5. 
-Fifth, the probability of transition to adjacent stages was greater than 
nonadjacent stages. Only 14. 8 % of precontemplators at time 4 transitioned to the 
nonadjacent action stage while 34.1 % transitioned to the adjacent contemplation stage. 
A small 4.3 % of contemplators at time 4 transitioned to the nonadjacent maintenance 
stage while 13.9% transitioned to action. 
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Discussion 
This study was an application of latent transition analysis to the stages of 
change for smoking cessation. LTA was used to compare three specified models of 
movement among the four stages of change over five measurement occasions. The 
most restrictive model allowed only one stage movement, a second model also 
allowed only one stage movement but in both forward and backward directions, and 
the most general model allowed forward and backward movement and two stage 
forward progression. Model fit was evaluated with goodness-of-fit chi-square tests: 
The major findings of this study involve: (1) identification of an appropriate 
model to describe the patterns of movement among the stages for naturalistic smoking 
cessation based on a reactively recruited sample, (2) estimation of individual transition 
probability patterns, (3) stability of stage membership, and (4) a statistical alternative 
to traditional outcome measures. 
An important contribution of this technique is testing of alternate models. The 
results reported here indicate that of the three models tested, the one that best fit the 
stages of change data for smoking cessation was the more general model that allowed 
forward and backward movement and two stage progression. Both progression and 
regression are necessary to describe how people change. 
Model III shows that smokers transition from precontemplation to action. 
These subjects were not planning to quit smoking yet did within six months of 
assessment. Model m also indicates smokers transition from contemplation to 
maintenance, indicating two stage progression to maintenance. As this movement 
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appears to not be theoretically consistent with the transtheoretical model it_ requires a 
small discussion. The action stage is the period where smokers are making overt 
changes in their behavior, i.e. quitting smoking, and lasts for six months. 
A small portion of smokers thinking of changing in the near future progress all 
the way to maintenance within six months. This may be an artifact of the author's 
original data preparation. Those subjects who were identified as relapsers were not 
assigned stage membership at time of assessment. These smokers were included in 
the contemplation stage by the author since they are most similar to contemplators on 
other measures. It may be that subjects who appeared to skip action were previously 
in action or maintenance and were smoking at the time of assessment. Therefore the 
quit attempt may have began at least six months prior, but the subject had lapsed to 
smoking, temporarily, at time of assessment. This distinction is important since it · 
indicates that these subjects were not consistently abstinent from smoking cigarettes 
for a six month period. Also subjects' may have been outside of a six month period. 
Future applications of LTA to the stages of change should include the actual staging 
for all subjects, including relapsers. 
Several consistent and strong observations about the pattern of transition 
between stages were found across the first order models. Progression between stages 
is more likely than regression. This significant result has broad implications. For 
smokers who are planning to quit in the near future (contemplators) there is a greater 
likelihood that they will quit smoking than regressing to precontemplation. This is 
especially meaningful when developing interventions for smokers. Interventions for 
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contemplators can be targeted at strengthening this probability. 
Those former smokers who had quit within six months (action) appear to 
transition quickly out of action. The membership in the action stage is not very stable 
(as will be discussed later). However, the likelihood that those in action will continue 
to be abstinent for more than six months was greater than the probability of returning 
to smoking. 
Although the movement between the stages is very dynamic, results presented 
here indicate that smokers and former smokers are more likely to transition to the 
nearest stage. Two stage progression is not as probable as moving to adjacent stages. 
This observation also has broad implications particularly for intervention. Only a 
very small proportion moved two stages. Targeting stage matched interventions at 
transitioning smokers to one stage forward would capture a very high proportion of 
smokers. This result indicates that there is a systematic characteristic to the way 
people change. 
The transition probabilities also revealed stability characteristics of the stages. 
The stability of stage membership was the highest for the maintenance stage. Former 
smokers who have been abstinent for more than six months are more likely to remain 
in maintenance than move to all other stages combined. The contemplation stage also 
appear to be quite stable although not as stable as maintenance. The probability of 
remaining in contemplation is greater than .50. 
The action stage appears to be the least stable. Former smokers who have 
been abstinent for less than six months appear to be least likely to remain in the same 
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stage. Although the probability of becoming a maintainer is higher than becoming a 
contemplator, the instability of the action stage is indicative of the risk for returning 
to smoking cigarettes. 
The delta parameters show the unconditional probability of latent status 
membership. Overall, the membership in precontemplation and contemplation show a 
steady decline over time while the action and maintenance stages show steady increase 
in membership. The manner in which the proportions change is consistent with 
results of the transition probabilities. A greater number of subjects were engaged in 
attempts to quit smoking hence the decline in precontemplation and contemplation 
stage memberships. The delta parameter estimates should be interpreted cautiously, 
however, because they were estimated from a non-represenative sample. 
LTA is an important alternative to traditional outcome measures. Outcome 
indicators and techniques for examining outcome tend to be unsophisticated, mostly 
tests of proportions. The application of LTA to the stages of change has several 
strengths and capabilities that traditional outcome techniques do not. First, it allows 
for specification and testing of alternative models of ordered categorical data. This is 
an important contribution to the transtheoretical model. The movement among the 
stages had been hypothesized to be cyclical. LTA allowed us to test which movement 
paths, in both forward and backward directions, represent how people progress and 
regress through the stages of change. Testing of models goes beyond just descriptive 
value. LTA can be used as a confirmatory analysis for specified models. The first 
order models both described the process of change and also confirmed the model 
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specified. 
Second, the stages were used as the outcome variable. Previously, categorical 
data, such as the stages, was not a strong measure for outcome. Even Latent Class 
Theory is not sensitive to movement among latent categorical variables. Movement 
among stage membership is viewed as the dependent outcome variable in LTA. The 
stages of change model is sensitive to the whole range of changes as people modify 
health behaviors, even before overt behavior changes are attempted (PC and C), and 
therefore particularly appropriate for LTA. 
Third, LTA indicates the error in measurement. Future applications to the 
stages of change model may compare different measurement techniques and evaluate 
the measurement error associated with each. 
This application of LT A to the stages of change is different from previous 
applications of LTA in several ways. First, most examples of LTA have only two 
and three occasions of measurement. This study had five occasions of measurement 
which allows us to examine and compare first order models. Multiple occasions of 
measurement allow for examination of several first order models where similar 
patterns of movement were replicated. Second, this is the first application of LTA. 
where the manifest indicators of latent status are polyotomous. Previous examples 
have used only dichotomous response categories. This study has four response 
categories. This extends the models specified beyond any previously tested. 
This study is a limited application of LTA to the stages of change. Potential 
applcations of LTA can extend the models specified in this study. The addition of a 
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latent class variables can contribute to the clinical implications of the stages of 
change. Group, or class membership, differences can be examined where the classes 
are the type of treatment received. LTA can compare several types of interventions 
and subsequent movement through the stages of change. It has been hypothesized that 
stage matched interventions may result in better outcome. The tau matrices can be 
examined to determine if different interventions have different transition probabilities. 
In summary, the major contributions of this study involve the application of a 
new technique for ordered categorical data. A model for characterizing progression 
and regression among the stages of change for smoking cessation was identified. 
Transition probabilities among the stages were stronger for forward movement than 
backward movement, and for adjacent stage movement than nonadjacent stage 
movement. The maintenance stage had the greatest stability followed by 
contemplation and precontemplation. Continued applications of LTA to stage of • 
change data are warranted. 
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